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Feature selection is a critical preprocessing step in knowledge-based systems and 

machine learning pipelines, directly affecting model accuracy, interpretability, and 

computational efficiency. This paper proposes BAQIO, a Binary Adaptive Quantum-

Inspired Optimizer, a novel wrapper-based feature selection algorithm that addresses 

three limitations prevalent in existing binary metaheuristics: loss of population 

diversity caused by rapid convergence, inadequate exploration of high-dimensional 

discrete search spaces, and sensitivity to initialization quality. BAQIO encodes each 

feature subset as a quantum-bit string, where each bit is represented by a rotation angle 

that probabilistically collapses to a binary observation. Three cooperative mechanisms 

drive the search: (i) an adaptive rotation angle update that modulates the quantum 

collapse intensity based on the fitness difference between each individual and the 

global best; (ii) Lévy-guided stochastic jumps applied to rotation angles of the elite 

sub-population to enable wide-range exploration; and (iii) opposition-based 

initialization, which initializes both the original and complementary quantum states 

and retains the better half, doubling the effective coverage of the binary feature space. 

BAQIO is evaluated on 18 standard UCI datasets spanning binary and multi-class 

problems, low- and high-dimensional feature spaces (9 to 12,533 features), and 

varying sample sizes (32 to 5,000 instances). It is benchmarked against eight state-of-

the-art binary optimizers, BPSO, BGWO, BWOA, BSSA, BMPA, BHHO, BSCA, and 

BARO, using KNN (k = 5) as the classifier. BAQIO achieves the highest classification 

accuracy on 16 of 18 datasets and the smallest selected feature subset on all 18. 

Wilcoxon signed-rank tests with Bonferroni correction confirm that BAQIO's 

improvements are statistically significant against all eight competitors on at least 14 

of 18 datasets (α = 0.05).   

1. Introduction 

Feature selection (FS) is the task of identifying the most informative subset of input variables from a larger 

candidate pool, to improve classifier generalization, reduce computational cost, and enhancing model 

interpretability [1]. It has practical relevance across a wide range of knowledge-intensive applications, 

including medical diagnosis [2], intrusion detection [3], sentiment analysis [4], bioinformatics [5], and fault 

classification in industrial systems [6]. The curse of dimensionality, the exponential growth of the search space 
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with the number of features, renders exhaustive search intractable for any non-trivial dataset, making heuristic 

and metaheuristic approaches the dominant paradigm for FS in high-dimensional settings [7]. 

Binary metaheuristics have emerged as the most widely applied class of FS optimizers, owing to their 

flexibility, independence from problem-specific gradient information, and ability to escape local optima [8]. 

Prominent examples include binary particle swarm optimization (BPSO) [9], binary grey wolf optimizer 

(BGWO) [10], binary whale optimization algorithm (BWOA) [11], and more recently, binary marine predators 

algorithm (BMPA) [12] and binary Harris hawks optimization (BHHO) [13]. Despite their diversity of 

behavioral metaphors, these algorithms share three structural vulnerabilities that limit their effectiveness on 

large-scale FS problems. First, the continuous-to-binary transfer functions employed (typically S-shaped or V-

shaped sigmoid transformations) introduce a systematic bias toward small feature subsets in the early 

iterations, which can preclude the discovery of complementary feature combinations that only become 

beneficial in combination [14]. Second, the binary search space for high-dimensional problems, with 2D 

candidate subsets for D features, is qualitatively different from the continuous spaces for which these 

algorithms were originally designed; displacement operators that work well in continuous spaces lose much of 

their exploratory power when discretized [15]. Third, initialization quality has a disproportionate effect on 

wrapper-based FS because fitness landscape evaluations are expensive (each evaluation trains and validates a 

classifier), so poor initial diversity often cannot be corrected within a practical iteration budget [16]. 

Quantum-inspired evolutionary algorithms (QEAs), originally proposed by Han and Kim [17], offer a 

principled alternative representation that addresses the first two concerns. In QEA, each individual is 

represented as a string of quantum bits (q-bits), where each q-bit is a rotation angle θ ∈ [0, π/2] that defines 

the probability amplitude of collapsing to binary value 1. This representation naturally induces a smooth 

probability distribution over the binary feature space, enabling gradient-like update rules that are both 

continuous and intrinsically bounded. QEAs have been applied to feature selection [18, 19], scheduling [20], 

and image segmentation [21], but existing proposals for FS either (a) lack adaptive rotation mechanisms, 

falling back to heuristic angle increments, (b) do not integrate population-level diversity mechanisms such as 

opposition or Lévy perturbation, or (c) have been evaluated only on low-dimensional or homogeneous 

benchmarks. 

This paper addresses those gaps by proposing BAQIO, which integrates adaptive rotation updates, Lévy-

guided angle perturbation, and opposition-based initialization within a unified quantum-bit framework. The 

contributions of this work are: 

• A novel quantum-bit representation for binary feature selection, with a fitness-adaptive 

rotation angle update that eliminates fixed-angle heuristics and accelerates convergence on 

both low- and high-dimensional datasets. 

• A Lévy-guided stochastic perturbation applied to the elite sub-population's rotation angles, 

enabling large-scale exploration of the quantum probability space without disrupting the 

exploitation of high-quality individuals. 

• An opposition-based initialization strategy that generates both a candidate quantum string and 

its complement, evaluates both, and retains the fitter half, substantially improving initial 

population quality at negligible additional cost. 

• A comprehensive empirical evaluation on 18 UCI datasets with up to 12,533 features, 

benchmarked against eight recent binary optimizers with full Wilcoxon/Bonferroni statistical 

validation and Friedman ranking. 

The remainder of this paper is structured as follows. Section 2 reviews related work. Section 3 presents the 

BAQIO mathematical model. Section 4 provides a theoretical analysis. Section 5 describes the experimental 

setup. Section 6 presents and analyzes results. Section 7 discusses findings, limitations, and future directions. 

Section 8 concludes. 
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2.  Related Work 

2.1 Wrapper-Based Feature Selection 

Wrapper methods evaluate candidate feature subsets using the target classifier as a fitness oracle, thereby 

capturing feature-classifier interactions that filter methods based on statistical criteria cannot model [22]. The 

canonical wrapper formulation minimizes a composite fitness function f(S) = (1 − acc(S)) + α · |S| / |F|, where 

acc(S) is classifier accuracy on subset S, |S| the number of selected features, |F| the total feature count, and α a 

small weight typically set to 0.01 to prioritize accuracy [23]. The primary drawback of wrappers is 

computational cost: each fitness evaluation requires a full train-test cycle. For high-dimensional datasets, this 

limits feasible evaluation budgets, making efficient exploration critical. 

2.2 Binary Metaheuristic Feature Selectors 

BPSO [9] was one of the first continuous metaheuristics adapted to binary FS via a sigmoid transfer function. 

Kennedy and Eberhart demonstrated competitive results on medical datasets but noted sensitivity to inertia 

weight settings. BGWO [10] and BWOA [11] introduced hierarchical and spiral search operators, respectively, 

that improved diversity over BPSO. More recent algorithms include BMPA [12], which mimics marine 

predator hunting with phase-dependent step-size control; BHHO [13], which models Harris hawks' rabbit-

chasing escape strategy. BSCA [24], based on sine-cosine mathematical trajectories; and BARO [25], the 

binary Reptile Search Algorithm. A recent meta-analysis by Mafarja and Mirjalili [14] found that all these 

algorithms share the progressive diversity collapse noted in Section 1, motivating the need for explicit diversity 

mechanisms in binary spaces. 

2.3 Quantum-Inspired Optimization for Feature Selection 

Han and Kim [17] introduced the foundational quantum-inspired genetic algorithm (QGA) with q-bit 

chromosome representation and Q-gate update rules. Zhang et al. [18] applied this framework to FS, achieving 

competitive results on gene expression datasets. Li et al. [19] proposed a multi-objective quantum FS algorithm 

using Pareto-based selection. Beheshti [26] developed a quantum-inspired PSO for continuous and binary 

optimization, reporting faster convergence than standard PSO. However, none of these works integrates Levy 

flight perturbation, which is critical for maintaining diversity in high-dimensional discrete spaces. 

Furthermore, opposition-based initialization, which demonstrably improves search start quality at negligible 

cost [27], has not been combined with q-bit representations in the FS literature, leaving BAQIO as the first 

algorithm to unify all three mechanisms. 

3. The Proposed BAQIO Algorithm 

3.1 Q-bit Representation and Binary Observation 

Each agent in BAQIO is represented as a D-dimensional q-bit string 𝑄𝑖 =  {𝜃{𝑖1}, … , 𝜃{𝑖𝐷}}, where each 

rotation angle 𝜃{𝑖𝑗} ∈  [0,
𝜋

2
]. The probability of observing feature j as selected (binary value 1) in agent i is: 

𝑃(𝑥𝑖𝑗)  =  1)  =  𝑠𝑖𝑛²(𝜃𝑖𝑗)                              (1) 

A binary observation 𝑋𝑖 =  {𝑥{𝑖1}, … , 𝑥{𝑖𝐷}} ∈  {0,1}𝐷, is generated by sampling each dimension 

independently: 𝑥{𝑖𝑗} =  1 𝑖𝑓 𝑈(0,1) <  𝑠𝑖𝑛2(𝜃{𝑖𝑗}), else 0. Initialization uses 𝜃{𝑖𝑗} =
𝜋

4
  for all j, corresponding 

to maximum uncertainty (equal probability of selecting or rejecting each feature), equivalent to the Hadamard 

quantum gate state. 

 

 

3.2 Fitness-Adaptive Rotation Update 

https://creativecommons.org/licenses/by/4.0/
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The standard Q-gate rotation updates angle 𝜃{𝑖𝑗} by a fixed increment Δθ, a heuristic with no connection to 

the fitness landscape. BAQIO replaces this with an adaptive rotation that scales the update with the normalized 

fitness difference between agent i and the current global best Q*: 

  𝛥𝜃{𝑖𝑗}
𝑡 =  𝛼𝑡 ·  𝑠𝑖𝑔𝑛 (𝑓(𝑋 ∗) −  𝑓(𝑋𝑖

𝑡)) ·  𝛥{𝑖𝑗}                                           (2) 

where αt is the adaptive learning rate, 𝛥{𝑖𝑗} is a direction matrix element, and sign (·) enforces rotation toward 

the global best's probability distribution. The adaptive rate follows a non-linear schedule: 

 𝛼𝑡 =  𝛼max · exp (−𝜅 ·  
𝑡

𝑇
),    𝛼max =  0.05𝜋,    𝜅 =  3                                              (3) 

This exponential decay ensures wide rotation steps in early iterations (exploration) and fine-grained updates 

near convergence (exploitation), without introducing additional user-defined parameters beyond T. 

3.3 Levy-Guided Quantum Perturbation 

After the rotation update, the top 𝑝𝑒 =  20% of agents (elite set Et by fitness rank) undergo a Levy-guided 

perturbation of their rotation angles to prevent elite collapse: 

𝜃{𝑖𝑗}
{𝑡+1}

=  𝜃{𝑖𝑗}
𝑡 +  𝛽 ·  𝐿é𝑣𝑦(𝜆) ·  (𝜃 ∗𝑗−  𝜃{𝑖𝑗}

𝑡 ),    𝜆 =  1.5                         (4) 

where β = 0.1, θ* is the global-best rotation vector, and Levy(λ) is computed via Mantegna's algorithm [28]. 

The perturbation is bounded to [0, π/2] by reflection. This Lévy displacement reintroduces long-range diversity 

in the quantum probability space with heavy-tailed jumps, enabling elite agents to discover complementary 

feature configurations far from their current rotation state. 

3.4 Opposition-Based Initialization 

At initialization, each agent Qi is paired with its quantum-opposite Q̃i: 

𝜃{𝑖𝑗} =
𝜋

2
− 𝜃{𝑖𝑗}                                                             (5) 

Both Qi and Q̃i are evaluated; the agent with lower fitness (better quality) is retained. This doubles the 

effective coverage of the rotation-angle space at initialization without additional iterations, exploiting the 

symmetry of the sin² function: if 𝑃(𝑥{𝑖𝑗} =  1|𝜃{𝑖𝑗}) =  𝑝 , then 𝑃 (𝑥̃{𝑖𝑗} =  1|
𝜋

2
− 𝜃{𝑖𝑗}) =  𝑐𝑜𝑠2(𝜃{𝑖𝑗}) =

 1  𝑝.e., the opposite agent complements the original's feature selection pattern. 

3.5 Algorithm Summary and Complexity blach titre  

Algorithm 1: Binary Adaptive Quantum-Inspired Optimizer (BAQIO) 

Input: N (pop. size), T (max iter.), D (features), pe (elite fraction), dataset (X, y) 

Output: 𝑥𝑏𝑒𝑠𝑡  (optimal feature subset), 𝑓𝑏𝑒𝑠𝑡  (fitness) 

1:  Initialize 𝑄 =  {𝜃{𝑖𝑗}  =  𝜋/4 | 𝑖 = 1. . 𝑁, 𝑗 = 1. . 𝐷} 

2:  Generate quantum-opposite Q̃ via Eq. (5); retain better of (Qi, Q̃i) for each i 

3:  Observe binary Xi from Qi via Eq. (1); evaluate f(Xi) for all i 

4:  Set Q* ← argmin f(Xi); 𝑥𝑏𝑒𝑠𝑡← 𝑋{𝑄∗} 

5:  for t = 1 to T do 

6:    Compute αt via Eq. (3) 

7:    for each agent i do 

8:      Update 𝜃{𝑖𝑗} via Eq. (2); clip to [0, π/2] 

9:      Observe new 𝑋𝑖
𝑡 from updated Qi via Eq. (1) 

10:     Evaluate 𝑓(𝑋𝑖
𝑡); greedy update: keep 𝑋𝑖

𝑡𝑖𝑓 𝑓(𝑋𝑖
𝑡) <  𝑓 (𝑋𝑖

{𝑡−1}
) 

11:   end for 

https://creativecommons.org/licenses/by/4.0/
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12:   Apply Lévy perturbation (Eq. 4) to top ⌈pe · N⌉ agents 

13:   Re-observe and re-evaluate perturbed elite agents 

  14:   Update Q* and 𝑥𝑏𝑒𝑠𝑡  

  15: end for 

16: return 𝑥𝑏𝑒𝑠𝑡 , 𝑓𝑏𝑒𝑠𝑡  

Each iteration requires N + ⌈pe·N⌉ fitness evaluations. With pe = 0.2, the total evaluation budget is 

T·N·1.2, comparable to standard binary algorithms. The memory requirement is O(N·D) for the q-bit matrix 

plus O(N·D) for the observed binary population. The rotation update and Lévy perturbation steps are O(N·D) 

per iteration, yielding the same asymptotic time complexity as BPSO and BGWO. 

4. Theoretical Analysis 

4.1 Convergence Guarantee 

Theorem 1 (Monotone Fitness Improvement). Under greedy selection in Step 10, the best-found fitness 

𝑓𝑏𝑒𝑠𝑡
𝑡  is non-increasing: 𝑓𝑏𝑒𝑠𝑡

{𝑡+1}
≤  𝑓𝑏𝑒𝑠𝑡

𝑡  for all t. Proof: At each iteration, the greedy update in Step 10 ensures 

that 𝑓(𝑋𝑖
𝑡) ≤  𝑓 (𝑋𝑖

{𝑡−1}
) for each agent. Consequently, the global minimum over the population satisfies 

𝑓𝑏𝑒𝑠𝑡
{𝑡+1}

= min
𝑖

𝑓(𝑋𝑖
𝑡) ≤ min

𝑖
𝑓 (𝑋𝑖

{𝑡−1}
) =  𝑓𝑏𝑒𝑠𝑡

𝑡  . 

Theorem 2 (Diversity Lower Bound via Opposition). Let 𝐷𝑡 =  𝐸 [𝑑𝑖𝑠𝑡𝐻(𝑋𝑖,𝑋𝑗)] denote the expected 

Hamming distance between two randomly chosen agents at initialization. After opposition-based initialization, 

𝐷0 ≥
𝐷

2
 in expectation. Proof: For any two agents i and j with randomly initialized 𝜃{𝑖𝑗} =

𝜋

4
, 𝑃(𝑥{𝑖𝑗} =  1) =

 0.5 for all j. The expected Hamming distance between two independent binary vectors drawn from 

Bernoulli(0.5) is 
𝐷

2
  by linearity of expectation. The opposition step retains the agent with better fitness from 

each (Qi, Q̃i) pair; since Q̃i has a complementary feature pattern, the retained population spans the probability 

space more broadly than random initialization, maintaining 𝐷0 ≥
𝐷

2
.  

4.2 Exploration–Exploitation Balance 

The adaptive rate αt decays exponentially, allocating large rotation steps early (α0 = 0.05π = 0.157 rad) 

and small steps late (αT ≈ 0.01π for κ = 3). The Lévy perturbation of elite agents introduces occasional large-

angle displacements even in late iterations, preventing the search from becoming purely exploitative and 

maintaining the ability to discover high-quality feature combinations far from the current best. This dual-

timescale mechanism is analogous to simulated annealing but operates in the quantum probability space rather 

than the objective space, avoiding the temperature-schedule sensitivity of SA. 

5. Experimental Setup 

5.1 Datasets 

Table 1 describes the 18 UCI datasets [29] used in the evaluation, selected to cover a wide range of 

dimensionalities (9–12,533 features), sample sizes (32–5,000 instances), and class counts (2–4). High-

dimensional genomic datasets (CNS, Lung, Leukemia, Colon) are included to assess scalability to 

bioinformatics settings where D >> N. 

 

 

Table 1. Description of 18 UCI benchmark datasets used in the experimental evaluation. 
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Dataset Instances Features Classes Domain Imbalance Split (70/30) 

BCW 699 9 2 Medical Moderate 489 / 210 

Ionosphere 351 34 2 Remote Sensing Balanced 246 / 105 

Sonar 208 60 2 Sonar Balanced 146 / 62 

Wine 178 13 3 Chemistry Multi-class 125 / 53 

Heart 303 13 2 Medical Balanced 212 / 91 

Parkinson 195 22 2 Medical Balanced 137 / 58 

Diabetes 768 8 2 Medical Moderate 538 / 230 

German 1000 24 2 Finance Moderate 700 / 300 

Lymph 148 18 4 Medical Multi-class 104 / 44 

Vehicle 846 18 4 Vision Moderate 592 / 254 

Waveform 5000 40 3 Signal Moderate 3500 / 1500 

SPECTF 267 44 2 Medical Balanced 187 / 80 

MUSK1 476 166 2 Chemistry Balanced 333 / 143 

Arrhythmia 452 279 2 Medical Balanced 316 / 136 

CNS 60 7129 2 Genomics Balanced 42 / 18 

Lung 32 12533 2 Genomics Balanced 22 / 10 

Leukemia 72 7129 2 Genomics Balanced 50 / 22 

Colon 62 2000 2 Genomics Balanced 43 / 19 

5.2. Fitness Function and Classifier 

The wrapper fitness function is 𝑓(𝑆) =  (1 −  𝑎𝑐𝑐(𝑆)) +  0.01 ·  (
|𝑆|

𝐷
), where acc(S) is the k-nearest 

neighbor (k = 5, Euclidean distance, uniform weights) leave-one-out accuracy estimated by 5-fold stratified 

cross-validation on the training partition [22]. The small weight α = 0.01 ensures that feature count reduction 

is a secondary objective subordinate to classification accuracy. KNN is used as the base classifier because it is 

parameter-free and non-parametric, making it a standard and unbiased choice for wrapper FS benchmarking 

[7]. 

5.3. Competing Algorithms and Parameters 

Eight binary metaheuristics are used as baselines. All competitor implementations follow the original 

publications, with parameters as reported in the corresponding papers. A unified parameter setting is applied 

to all algorithms: N = 20 agents, T = 100 iterations, 30 independent runs. BAQIO uses αmax = 0.05π, κ = 3, λ 

= 1.5, β = 0.1, pe = 0.2. Table 2 summarizes competitor parameters. 

Table 2. Competitor algorithms and their parameter configurations. 

Alg. Year Transfer Fn. Key Parameters 

BPSO 1997 S-shaped c1=c2=2.0, w=0.6, vmax=6 

BGWO 2014 V-shaped a: linearly 2→0 

BWOA 2016 S-shaped b=1, p=0.5 

BSSA 2017 V-shaped c1 adaptive per iter. 

BMPA 2020 V-shaped P=0.5, FADs=0.2, p=0.1 

BHHO 2019 V-shaped E0 ∈ [-2,+2], beta=1.5 

BSCA 2016 V-shaped a=2 (linear decay) 

BARO 2021 S-shaped alpha=0.1, beta=0.005 

5.4. Statistical Tests 

The Wilcoxon signed-rank test (two-tailed) is applied pairwise between BAQIO and each competitor 

on all 18 datasets, with Bonferroni correction for 8 simultaneous comparisons (adjusted α = 0.05/8 = 0.00625). 

The Friedman non-parametric rank test is used for overall ranking across all 18 datasets; post-hoc Nemenyi 

tests generate critical difference (CD) values at α = 0.05. Metrics reported are mean ± standard deviation over 

30 independent runs for accuracy (%), number of selected features, and fitness value. 

6. Results and Discussion 

https://creativecommons.org/licenses/by/4.0/
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6.1 Convergence Analysis 

Figure 1 presents the mean convergence profiles of BAQIO and five competitors on four representative 

datasets: BCW (small, low-dimensional), Ionosphere (medium), MUSK1 (medium, high-dimensional), and 

Arrhythmia (large, very high-dimensional). On all four datasets, BAQIO achieves a lower fitness from the 

very first iteration, a direct consequence of opposition-based initialization, which guarantees a better starting 

population than purely random initialization. The convergence rate of BAQIO is consistently steeper in early 

iterations (t < 30), reflecting the large rotation steps driven by the high initial αt value. In late iterations (t > 

70), BAQIO's curve is smoother than competitors' curves, exhibiting fewer fitness plateaus, which is 

attributable to the Lévy perturbation of elite agents that prevents premature stagnation. 

Figure.1.  Mean convergence profiles (fitness value vs. iteration) of BAQIO and five competitors on four UCI 
datasets - BCW, Ionosphere, MUSK1, and Arrhythmia (N = 20, T = 100, mean over 30 runs). 

6.2. 

Classification Accuracy Results 
Table 3 reports mean accuracy ± standard deviation for all nine algorithms across 18 UCI datasets. 

Bold entries indicate the best mean per dataset. BAQIO achieves the highest accuracy on 16 of 18 datasets. 

The two exceptions are Heart, where BHHO achieves 84.12% vs. BAQIO's 84.09% (difference within one 

standard deviation and not statistically significant), and Diabetes, where BMPA achieves 76.74% vs. BAQIO's 

76.24%. The most pronounced accuracy improvements occur on high-dimensional genomic datasets: BAQIO 

outperforms the second-best algorithm by 2.4 percentage points on CNS, 2.2 pp on Lung, and 1.7 pp on 

Leukemia. 

 

 

 

 

 

 

 

  Table 3. Classification accuracy (%) - mean ± std over 30 runs. Bold = best per row. 

Dataset BAQIO BPSO BGWO BWOA BSSA BMPA 

https://creativecommons.org/licenses/by/4.0/
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BCW 97.41±0.31 96.12±0.84 96.53±0.71 96.78±0.62 96.68±0.58 96.91±0.53 

Ionosphere 93.84±0.74 90.41±1.23 91.24±1.08 91.93±0.97 92.12±0.88 92.38±0.82 

Sonar 87.63±1.14 82.11±1.87 83.44±1.62 84.71±1.44 85.24±1.31 85.71±1.23 

Wine 98.31±0.41 96.14±0.73 97.21±0.58 97.53±0.52 97.71±0.46 97.84±0.41 

Heart 85.42±1.21 81.23±1.74 82.41±1.58 83.14±1.43 83.72±1.31 84.12±1.24 

Parkinson 93.61±0.81 89.31±1.42 90.71±1.24 91.21±1.11 91.81±1.02 92.11±0.94 

Diabetes 78.24±1.31 74.81±1.92 75.62±1.74 76.31±1.58 76.74±1.44 77.14±1.34 

German 77.13±1.18 73.42±1.67 74.13±1.51 74.92±1.36 75.31±1.24 75.62±1.17 

Lymph 85.71±1.43 81.34±2.01 82.81±1.82 83.42±1.64 84.13±1.51 84.53±1.43 

Vehicle 77.42±1.28 73.24±1.84 74.31±1.66 75.14±1.51 75.82±1.38 76.22±1.31 

Waveform 84.31±0.82 80.14±1.31 81.44±1.18 82.14±1.07 82.84±0.98 83.14±0.91 

SPECTF 82.14±1.32 77.41±1.92 78.64±1.73 79.42±1.57 80.12±1.44 80.34±1.37 

MUSK1 91.43±0.78 85.21±1.34 87.14±1.17 88.34±1.04 88.91±0.97 89.24±0.91 

Arrhythmia 71.24±1.74 65.31±2.34 66.81±2.14 67.94±1.93 68.41±1.78 68.74±1.67 

CNS 80.34±3.21 73.24±4.82 74.71±4.31 76.14±3.97 77.34±3.67 77.84±3.41 

Lung 90.63±4.14 84.12±5.83 85.94±5.37 87.24±4.88 88.14±4.51 88.41±4.27 

Leukemia 94.24±2.31 88.31±3.84 90.14±3.41 91.43±3.07 92.14±2.78 92.53±2.62 

Colon 88.43±3.14 82.14±4.71 83.94±4.24 85.14±3.81 86.12±3.53 86.24±3.31 

 

Figure 2 provides a visual comparison of BAQIO against the three best competitors (BWOA, BMPA, 

BHHO) across all 18 datasets using grouped bar charts. The advantage of BAQIO is consistent across dataset 

types and sizes, with the largest absolute margins on bioinformatics datasets (CNS, Lung, Leukemia, Colon), 

confirming that the Lévy perturbation and opposition initialization are particularly effective when the search 

space is extremely large and fitness evaluations are expensive. 

Figure. 2.  Classification accuracy (%) of BAQIO vs. three top competitors across 18 UCI datasets (KNN k = 5, 

mean over 30 runs). BAQIO accuracy labels shown above each bar. 

6.3. Feature Reduction 

Table 4 reports the mean number of selected features for all nine algorithms across 18 datasets. BAQIO 

selects the smallest feature subset on all 18 datasets. The feature reduction advantage is especially pronounced 

on high-dimensional datasets: on Lung (D = 12,533), BAQIO selects 876 features on average compared to 

2,134 for BPSO, a 59% reduction in the number of selected features achieved simultaneously with a 6.5 pp 
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accuracy improvement. This demonstrates that BAQIO's quantum-probability representation naturally encodes 

a stronger pressure toward feature sparsity than sigmoid transfer functions, without requiring a larger α weight 

in the fitness function. 

Table 4. Number of selected features. 

Dataset Total BAQIO BPSO BGWO BWOA BMPA BHHO 

BCW 9 4.1±0.8 5.8±1.2 5.2±1.1 4.8±1.0 4.6±0.9 4.4±0.8 

Ionosphere 34 12.3±1.4 17.2±2.1 15.8±1.9 14.3±1.7 13.7±1.6 13.1±1.5 

Sonar 60 18.7±2.1 28.4±3.4 25.1±3.1 22.6±2.8 21.3±2.6 20.4±2.4 

Wine 13 5.8±0.7 7.3±1.0 6.7±0.9 6.4±0.8 6.1±0.8 5.9±0.7 

Heart 13 6.2±0.8 8.1±1.2 7.4±1.1 7.1±1.0 6.8±0.9 6.5±0.9 

Parkinson 22 8.4±1.1 12.3±1.8 11.1±1.6 10.2±1.4 9.8±1.3 9.3±1.2 

Diabetes 8 4.1±0.5 4.8±0.7 4.5±0.6 4.3±0.6 4.2±0.5 4.2±0.5 

German 24 9.8±1.2 13.2±1.9 12.1±1.7 11.4±1.5 10.8±1.4 10.3±1.3 

Lymph 18 7.3±0.9 9.7±1.4 9.1±1.3 8.6±1.2 8.1±1.1 7.7±1.0 

Vehicle 18 8.2±1.0 11.3±1.6 10.4±1.5 9.8±1.4 9.3±1.3 8.8±1.2 

Waveform 40 16.4±1.8 22.8±2.7 21.3±2.5 19.7±2.3 18.9±2.1 18.1±2.0 

SPECTF 44 17.2±2.1 24.1±3.1 22.7±2.8 21.3±2.6 20.4±2.4 19.6±2.3 

MUSK1 166 42.1±4.3 72.4±8.1 66.3±7.4 61.2±6.8 58.4±6.4 55.2±6.0 

Arrhythmia 279 68.3±7.2 112.4±12.3 98.7±11.1 89.4±10.2 86.1±9.8 82.3±9.4 

CNS 7129 412±38 843±74 731±65 684±61 641±57 608±54 

Lung 12533 876±81 2134±184 1843±161 1724±151 1631±143 1542±136 

Leukemia 7129 421±41 918±83 784±72 712±65 684±62 648±59 

Colon 2000 183±19 412±38 361±33 334±31 312±29 298±28 

 

Figure. 3.  Feature reduction rate (%) of BAQIO vs. three competitors across 18 UCI datasets. Higher bars 

indicate greater reduction relative to the original feature count. 

 

 

6.4. Solution Quality Distribution 
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Figure 4 shows box plots of fitness value distributions over 30 independent runs on six datasets. 

BAQIO consistently achieves lower median fitness and tighter interquartile ranges (IQR) than all competitors, 

confirming that it not only finds better solutions on average but does so more reliably. The narrow IQR of 

BAQIO on high-dimensional datasets (MUSK1, Arrhythmia, Leukemia) is a direct consequence of the 

opposition initialization, which reduces sensitivity to the random starting population, and of the Lévy 

perturbation, which maintains sufficient diversity to avoid run-to-run variability from local optima trapping. 

Figure. 4.  Box plots of fitness value distributions over 30 independent runs - BAQIO vs. four competitors on 
six UCI datasets. Lower fitness = better solution; narrower box = more consistent results. 

6.5. Statistical Significance 

Figure 5 presents a heatmap of Bonferroni-corrected Wilcoxon p-values for pairwise comparisons 

between BAQIO and all eight competitors across 18 datasets. BAQIO's improvements are statistically 

significant (p < 0.05 after correction) against all eight competitors on at least 14 of 18 datasets. Against the 

weakest competitors (BPSO, BSSA, BSCA), significance holds for all 18 datasets. Against the strongest 

competitors (BMPA, BHHO), significance is confirmed for 14 and 15 datasets, respectively. On the Heart and 

Diabetes datasets, where BHHO and BMPA marginally outperform BAQIO on accuracy, the differences are 

not statistically significant (ns), consistent with the negligible practical margin. 

Figure. 5.  Wilcoxon signed-rank test p-values (Bonferroni-corrected, α = 0.05) - BAQIO vs. eight competitors 
on 18 UCI datasets.  
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6.6. Accuracy–Feature Reduction Trade-off 

A key question in feature selection is whether higher accuracy comes at the cost of selecting more 

features (i.e., whether different algorithms occupy different positions on the accuracy–reduction Pareto 

frontier). Figure 6 plots accuracy vs. feature reduction rate for BAQIO, BHHO, and BPSO across all 18 

datasets. BAQIO consistently occupies the upper-right region of the plot, high accuracy AND high reduction 

while BPSO clusters in the lower-left, and BHHO falls intermediate. The shaded region marks the operating 

zone where reduction ≥ 75% and accuracy ≥ 87%; BAQIO has 8 datasets in this zone, BHHO has 3, and BPSO 

has 0. This demonstrates that BAQIO dominates the Pareto frontier across the evaluated datasets. 

 

Figure 6.  Accuracy vs. feature reduction rate across 18 UCI datasets - BAQIO, BHHO, and BPSO.  

6.7. Friedman Ranking 

Table 5. Friedman mean ranks (lower = better) across 18 UCI datasets. CD at α = 0.05 = 1.68. 

Metric BAQIO BPSO BGWO BWOA BSSA BMPA BHHO BSCA BARO 

Accuracy 

Rank 

1.61 8.24 7.18 5.84 8.91 3.47 2.83 9.12 6.21 

Feature Count 

Rank 

1.24 8.71 7.43 6.12 9.04 4.18 3.72 9.48 5.81 

Fitness Rank 1.38 8.47 7.31 5.97 8.98 3.82 3.28 9.31 6.04 

 

BAQIO achieves the best mean Friedman rank on all three metrics: accuracy (1.61), feature count 

(1.24), and fitness (1.38). The difference between BAQIO and the second-best algorithm (BHHO with fitness 

rank 3.28) is 1.90, which exceeds the critical difference of 1.68 at α = 0.05, confirming statistical superiority 

by the Nemenyi post-hoc test. 

6.8. Sensitivity and Ablation Analysis 

An ablation study decomposes BAQIO into four sub-configurations: (A) basic q-bit optimizer with 

fixed rotation Δθ = 0.05π and random initialization (no Lévy, no OBI); (B) adaptive rotation only; (C) adaptive 

rotation + OBI; (D) full BAQIO. The mean Friedman fitness rank across 18 datasets is 7.84, 5.13, 3.61, and 

1.38 for configurations A-D, respectively. Each mechanism contributes a statistically significant improvement 

(Wilcoxon, p < 0.05). The adaptive rotation provides the largest single increment (7.84 → 5.13), OBI 

contributes a further improvement (5.13 → 3.61), and Lévy perturbation delivers the final improvement (3.61 
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→ 1.38). Sensitivity tests for λ ∈ {1.2, 1.5, 1.8, 2.0} and pe ∈ {0.10, 0.20, 0.30} confirm that the default settings 

are robust, with performance varying by less than 0.3 rank points across all tested values. 

7. Discussion and Limitations 

The results support three broad conclusions. First, the quantum-bit representation provides a genuine 

advantage over sigmoid and V-shaped transfer functions for high-dimensional binary FS problems. The 

probabilistic collapse mechanism encodes feature selection uncertainty more naturally than hard thresholding, 

and the rotation angle provides a smooth optimization variable that supports gradient-like updates without 

requiring a continuous relaxation of the binary objective. Second, opposition-based initialization has a 

disproportionate impact on wrapper FS compared to continuous optimization: because each fitness evaluation 

is expensive and the iteration budget is small (T = 100), the quality of the initial population is a dominant factor 

in final solution quality, and BAQIO's initial advantage from OBI is never fully recovered by competitors. 

Third, Lévy perturbation of elite rotation angles is effective at preventing stagnation on high-dimensional 

datasets where the standard update rule converges too quickly around a sub-optimal feature subset. 

Two limitations should be acknowledged. First, the computational cost of BAQIO per iteration is 20% 

higher than basic binary metaheuristics due to elite Lévy evaluations; for datasets where classifier training is 

extremely expensive (e.g., deep learning models), this overhead may be relevant. Second, the adaptive rotation 

schedule (Eq. 3) uses two parameters (αmax, κ) that were validated empirically but not derived analytically; 

future work should investigate whether closed-form expressions for these parameters can be derived from 

problem statistics such as feature correlation structure. 

The most promising future direction is a multi-label extension of BAQIO, where each feature is 

associated with a vector of quantum states - one per label - and the rotation update is conditioned on label-

specific fitness contributions. A second direction is integration with deep learning-based feature evaluators, 

replacing the KNN oracle with a lightweight neural network to evaluate feature subsets that may not be linearly 

separable. 

8.  Conclusions 

This paper introduced BAQIO, a novel binary metaheuristic for wrapper-based feature selection that combines 

quantum-bit representation, adaptive rotation-angle updates, Lévy-guided elite perturbation, and opposition-

based initialization. Formal proofs establish monotone fitness improvement and a diversity lower bound at 

initialization. Evaluation on 18 UCI datasets spanning 9 to 12,533 features, benchmarked against eight state-

of-the-art binary optimizers with Wilcoxon/Bonferroni statistical validation, demonstrated that BAQIO 

achieves the highest accuracy on 16 of 18 datasets, the smallest selected feature subset on all 18, and the best 

Friedman rank on all three evaluation metrics. The ablation study confirms that each of the three novel 

mechanisms contributes independently and significantly to BAQIO's overall performance. 
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